Electric vehicles (EVs) are predicted to increase in market share as auto manufacturers introduce 31 more fuel efficient vehicles to meet stricter CAFE standards and driver concerns of increasing 32 fuel costs. Reflecting spatial autocorrelation while controlling for a variety of demographic and 33 locational (e.g., built environment) attributes, this zone-level spatial count model in this paper 34 offers valuable information for power providers and charging station location decisions. By 35 anticipating over 745
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As auto manufacturers introduce a variety of new vehicles to meet stricter fuel economy 5 standards, in the U.S. and abroad, and driver concerns regarding long-term energy prices remain 6 high, hybrid electric vehicle (HEV), plug-in hybrid electric vehicle (PHEV), and battery electric 7 vehicle (BEV) sales are on the rise (Schweinberg 2013) . After tracking the electric vehicle (EV) 8 market for 13 years, IDTechEX predicts that 35% of all vehicles in the world will be electric by 9 2025, with a likely mix of 25% hybrids and 10% BEVs (Harrop and Das 2012) . With such 10 meaningful market share changes on the horizon, an ability to predict which households or 11 neighborhoods are most likely to own such vehicles can provide important insights and 12 opportunities for power-grid planning (e.g., updating transformers in certain locations), 13 transportation investments (e.g., identifying where public charging stations should be installed 14
for maximum utilization), and air quality policy-making (e.g., forecasting ozone level changes 15 when more vehicle-miles are electrified). 16
Spatial patterns in growing EV ownership may also illuminate what causes or alleviates 17 owner/consumer "range anxiety" (i.e., a user's concern for being stranded with a fully discharged 18 battery and no reasonable recharge option [Tate et al. 2008] ). As illustrated by Khan and 19 Kockelman (2012), a 75-mile all-electric range (AER) BEV (like the 2013 Nissan LEAF) may 20 be a very reasonable vehicle for 27% of single-vehicle households and nearly 70% of multiple-21 vehicle households in Seattle to own, assuming existing travel patterns, a willingness to charge 22 the vehicle once a day, and a willingness to charge more than once or find another travel option 23 (e.g., a relative's car or rental vehicle) just 3 days a year, on average (in order to exceed the 24 BEV's AER). 25 Recent evidence from the U.S. Department of Energy's and ECOtality's EV Project (Smart et al. 26 2013) suggests that 73% of miles driven by Americans in a Chevy Volt stay within its 35-mile 27 (EPA-rated) AER (thereby avoiding much gasoline use in this PHEV). However, according to 28
Consumer Reports' Car Brand Perception Survey (Bartlett 2012) , range anxiety remains 29 consumers' top concern consumer regarding a possible EV purchase. Studies suggest that such 30 anxiety may fall as drivers become more familiar with EV technology and EV use (see, for 31 example, Wellings et al. [2011] and Taylor [2009] 27 The demographic details were originally provided at the traffic analysis zone (TAZ) level, by the 28 regional MPO, DVRPC. TransCAD's overlay function was used to impute such attributes at the 29 block-group level, in order to spatially match them to the vehicle ownership data. According to planners at the DVRPC, $35,000 is an important household income threshold that 7 is specially tracked, in part due to distinct travel patterns; thus, the density of these households 8 was tested as a covariate. Densities for most variables were used here because the vehicle-9 ownership rate per zone is scaled by the number of households per zone. In other words, the 10 negative binomial process modeled here (described in detail below) benefits from an exposure or 11 size term, which here is the number of households (or population) per zone. Table 2 's parameter estimates come from an n = 1,000 block-group sub-sample for 14 central Philadelphia , rather than the original 2,909 block groups that exist across the wider 15 region (and have complete data, as discussed earlier). Figure 1 shows the spatial distribution of 16 these vehicle counts (per household). (Clockwise: Prius EVs, non-Prius EVs, and ICEVs) 7 8 9 10
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As shown in Controlling for all other variables, greater distance to the regional CBD is associated with much 41 lower ownership of both EV types (k = 1, 2) and higher ICEV ownership: A one-percent increase 42 in distance to CBD is accompanied by an average 2.3% increase in ICEV ownership rates as well 43 as a 26.2% and 20% decrease, respectively, in Prius EV, non-Prius EV ownership rates at the 1 block group level. These results are highly elastic, suggesting that the CBD distance variable is 2 proxying for a variety of relevant attributes that change with distance but were not available as 3
covariates here, such as parking prices and parking space availability (which track land values, 4 mostly), transit access, and so forth. The fuel economy (Michalek et al. 2011 ) and vehicle size 5 benefits of EVs, coupled with range anxiety for households living further from the regional 6 center, may also be at play, in this ownership vs. distance relationship. The parameter 7 coefficients of the ln(#HHs) variable (i.e., the natural logarithm of household counts per zone) 8 across the three models were estimated to be 0.75, 0.8, and 0.67 for Prius EV, non-Prius EV, and 9 ICEV counts, respectively, which suggests fewer vehicles per household in zones with more 10 households (which may be due to more population-dense zones having more households, even 11 though population density was also controlled for here [in a linear way]). 12 13
Centerline-mile density appears to have no influence on ownership rates, ceteris paribus. Zero-14 worker households are negatively associated with vehicle ownership rates across all types, 15 presumably due to lower travel needs and lower incomes. Negative association is also found 16 between the density of households with 3+ workers and EV ownership rates (with elasticities of -17 0.6% and -2.6%, respectively) and a positive correlation with ICEV ownership rates (+3.0% 18 elasticity). Higher jobs densities come with substantially higher average vehicle counts across all 19 types: the effects are very elastic, with values of 2.5%, 3.0% and 6.9%, for Prius-EVs, non-Prius 20
EVs, and ICEVs, respectively. 21 22
Seemingly random variations in all three vehicle ownership rates exhibit spatially clustering, as 23 measured by the autocorrelation coefficients ρ 1 , ρ 2 and ρ 3 . By model construction, these spatial 24 effects capture missing variables that trend in space, such as parking prices, congestion, and land 25 use intensity, which affect vehicle ownership decisions. The remarkably high (aspatial) 26 correlation between non-Prius EV and Prius EV error terms (described via the parameter η 012, 27 with mean estimate +0.813) reveals that higher Prius EV counts are likely to co-exist with higher 28 non-Prius EV counts, as expected. However, their spatial correlation (gauged by the parameter 29 η 112 ) is practically insignificant (i.e., neighboring zones' Prius-EV counts have no bearing on a 30 zone's non-Prius EV counts). In other words, the cross-correlations among different vehicle 31 types are local (within a zone), after controlling for spatial autocorrelation across zones (from 32 missing variables). 33 34 ICEV ownership rates exhibit a modest aspatial correlation with Prius and non-Prius EV 35 ownership rates, as reflected by the parameters η 013 = +0.334 (pseudo t-stat. = 1.689) and η 023 = 36 +0.269 (pseudo t-stat. = 1.407), respectively. In other words, higher ICEV ownership rates tend 37 to rise with EV ownership rates, which may come from underlying factors shared across all 38 ownership rate decisions, and not captured by the model's covariates (e.g., other demographic 39 factors and parking availability). 40 41
Interestingly, ICEVs show a rather weak spatially-lagged cross-correlation with the two EV 42 categories (η 113 = +0.073 and η 123 = +0.058). Using measures of spatial correlation, the results in 43 this paper support previous findings (using non-spatial models and arguments) that vehicle 44 technology adoption is often influenced via a "neighbor effect," where new technologies become 45 more desirable as market penetration increases nearby (see, e.g. Mau household counts (per zone) and resident-worker densities. In particular, EV ownership is 10 predicted to rise with as households get closer to the CBD, perhaps due to the relatively small 11 size of most EVs, the diminished range anxiety issues (thanks to shorter trips), and desire for 12 greater fuel economy (in congested central-city driving conditions). The spatial clustering effects 13 identified in this study also point to the existence of missing variables that trend in space and 14 possibly a "neighbor effect" (from nearby households owning such vehicles). As a technology 15 becomes more prevalent, familiarity and perceived value of such technologies and products tends 16 to rise. The spatial autocorrelation exhibited by the results here suggest that EV purchase rates 17 will rise, via such familiarity, thanks to rising market penetration. 18 19 The results of this study underscore the high continuing demand for 
